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Commentary Article

INTRODUCTION

Neural networks have revolutionized the field of artificial intelligence by
mimicking the biological structure and function of the human brain. These
computational models are designed to recognize complex patterns, learn
from vast amounts of data, and perform tasks that traditionally required
human intelligence. From speech recognition and image classification to
natural language processing and autonomous vehicles, neural networks
have become the foundation of many modern Al applications. As research
in this area continues to advance, the capabilities of neural networks are
expanding, leading to innovations in deep learning, reinforcement learning,
and real time decision-making systems.

At the core of neural networks are artificial neurons or nodes arranged in
layers. These include an input layer, one or more hidden layers, and an
output layer. Each node processes input data using a weighted sum
followed by an activation function, which introduces non-linearity into the
model. The most commonly used activation functions include RelU
(Rectified Linear Unit), sigmoid, and tanh. The ability of neural networks to
learn and adapt is governed by algorithms such as backpropagation, which

adjusts the weights of connections to minimize prediction errors.

A significant breakthrough in the field came with the development of deep
learning, a subset of machine learning that employs neural networks with
many hidden layers. Deep neural networks have demonstrated exceptional
performance in tasks such as image recognition, language translation, and

game playing.
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For instance, Convolutional Neural Networks (CNNs) are used extensively in computer vision, while recurrent neural
networks (RNNs) and their variant, Long Short-Term Memory (LSTM) networks, and are suitable for sequential data
like speech and text.

Training a neural network involves feeding it with large datasets and optimizing the model’s parameters using
algorithms such as Stochastic Gradient Descent (SGD) or Adam optimizer. The quality and quantity of training data
play a crucial role in the network’s accuracy. However, overfitting remains a common challenge, where the model
performs well on training data but poorly on unseen data. Techniques such as dropout, batch normalization, and
data augmentation are employed to mitigate this issue.

Recent advancements have led to the development of transformer architectures, which surpass traditional RNNs in
tasks involving language understanding and generation. Transformers rely on attention mechanisms that allow
models to focus on different parts of the input data simultaneously. This innovation has been the backbone of
models like BERT, GPT, and T5, which are used in various natural language processing applications including
question answering, summarization, and sentiment analysis. Another emerging area of interest is the integration of
neural networks with reinforcement learning. This combination has been instrumental in training agents that can
interact with dynamic environments and learn optimal policies through trial and error. Despite their remarkable
achievements, neural networks face several limitations. They are often considered “black-box” models due to their
lack of interpretability. Understanding the rationale behind a neural network’s decision remains a complex task.
Additionally, the high computational cost and energy consumption associated with training deep networks pose
significant challenges, especially for large-scale industrial applications. To address these concerns, researchers are
exploring approaches such as neural network pruning, quantization, and hardware acceleration using neuromorphic
chips. These efforts aim to reduce the computational burden while maintaining high performance. Furthermore, the
field of explainable Al (XAl) seeks to develop methods that make neural networks more transparent and

trustworthy.
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